Background: Whenever questionnaires are used to collect data on constructs, such as functional status or health related quality of life, it is unlikely that all respondents will respond to all items. This paper examines ways of dealing with responses in a 'not applicable' category to items included in the AMC Linear Disability Score (ALDS) project item bank.
Background
When questionnaires consisting of a number of related items are used to measure constructs such as health related quality of life [1, 2] , cognitive ability [3] or functional status [4] , it is likely that some patients will omit responses to a subset of items. A variety of ways of dealing with missing item responses in this type of questionnaires have been proposed [5] . These range from imputation methods [6, 7] to algorithms, which permit parameters to be estimated, whilst ignoring missing data points [8] and frameworks, in which it is possible to construct a joint model for the data and the pattern of missing data points [9] . It is always essential to examine why some responses are missing and whether there is a pattern underlying the missing data for questionnaires [10] [11] [12] , but particularly when an item bank is being calibrated. A calibrated item bank is a large collection of questions, for which the measurement properties, in the framework of item response theory, of the individual items are known and should form a solid foundation for measuring the construct of interest. This foundation could be weakened if the treatment of missing item responses had not been properly examined.
The AMC Linear Disability Score (ALDS) item bank aims to measure functional status, as defined by the ability to perform activities of daily life [4, 13, 14] . Items for inclusion in the ALDS item bank were obtained from a systematic review of generic and disease specific instruments for measuring the ability to perform activities of daily life [13] and supplemented by diaries of activities performed by healthy adults. The ALDS items were administered by specially trained nurses. Two response categories were used: 'I could carry out the activity' and 'I could not carry out the activity'. If patients had never had the opportunity to experience an activity a not applicable response was recorded. In the context of the ALDS item bank, it is not immediately clear how responses in the category 'not applicable' should be analysed. Some instruments, such as the CAMCOG neuropsychological test battery [3, 15] and the Sickness Impact Profile [16] , treat such responses as a 'negative' category and others, such as the SF-36 [1, 2] , impute a response based on those given to the other items. In this paper, responses to the 'not applicable' category in the ALDS project have been examined in the wider context of missing data [17] .
In this paper, four practical, missing data based strategies for dealing with responses in the category 'not applicable' are examined in the context of item response theory. The four strategies are: cold deck imputation; hot deck imputation; treating the missing responses as if these items had never been offered to those individual patients; and using a model which takes account of the 'tendency to respond to items'. The results will be used to make recommendations about the choice of procedure in the ALDS project and other measures of functional status, which are analysed with item response theory.
Methods

Data
The whole ALDS item bank, consisting of approximately 200 items, is currently being calibrated using an incomplete design [18] with around 4000 patients [4, 19] . Since this paper concentrates on the utility of four missing data techniques, rather than on fitting an item response theory model, the data described come from a single subset 32 items and the responses from 392 patients. In Table 1 , a short description of the content in each of the 32 items used in this analysis is given, along with the number of the 392 patients responding in the category 'not applicable'. The number of responses per item in this category varies from 2 (1%) to 133 (34%). Fourteen of the 32 items have more than 20 (5%) responses in the category 'not applicable'. Of the 392 patients, 108 had no responses in the category 'not applicable' and 284 patients responded to between 1 and 12 of the 32 items in this category. Of the 284 patients with 'not applicable' responses, 94 had four or more (> 10%) and 20 seven or more (> 20%) responses in this category. Overall, 841 of the 12544 (7%) responses are 'not applicable'. Thus, a substantial proportion of the data points in this subset of the data used to calibrate the ALDS item bank can be classified as 'omitted'.
Dealing with 'not applicable' item responses
This section describes the four strategies for dealing with these responses: cold deck imputation; hot deck imputation; treating the missing responses as if these items had never been offered to those individual patients; and using a model which takes account of the 'tendency to respond to items'. These strategies were chosen because they are implemented in instruments measuring similar constructs and the authors regarded them as representing clinically plausible mechanisms. The strategies will be compared by examining the root mean squared difference, as defined in the Appendix, between estimates of the item parameters and by comparing estimates of the mean functional status in the group.
Cold deck imputation replaces each missing data point with a pre-determined constant. This may be the same for each data point or vary with factors internal or external to the data. For example, it has been recommended that missing item responses in the SF-36 be replaced by the mean of the responses to other items in the same sub-scale [1, 2] . Imputing the same value for all missing data points can be attractive because of its apparent simplicity or because researchers feel that they have a strong justification for the choice of constant in the context of the data. However, this method artificially reduces the amount of variability in the data, possibly leading to substantial bias in parameter estimates. In addition, statistical theory provides little support for this method [12] . The cold deck imputation procedure used in this paper replaces all responses made in the category 'not applicable' with 'cannot'. This is consistent with some other questionnaires for measuring aspects of functional status, such as the Sickness Impact Profile [16] , the Mini-mental state examination and the CAMCOG [15] , in which items, to which patients make no response, are coded in a 'negative' category.
Hot deck imputation replaces each missing value with a value drawn from a plausible distribution [11] incorporating theoretical or observed aspects of the data [12] . Clinicians may feel that hot deck imputation procedures introduce an unnecessary random element into their data, and hence be wary of these methods. However, if the hot deck procedure is run a number of times and each data set is analysed in the same way, differences in the results can be used to make inferences about the effect of the imputation procedure [11] . In this paper, the hot deck imputation procedure has been run five times, resulting in five complete data sets, and is based on logistic regression and closely mirrors the one-parameter logistic IRT model described above. The procedure is constructed, so that patients with a higher level of functional status have a higher probability of having responses in the category 'can carry out the activity' imputed than patients with a lower level of functional status. Similarly, responses imputed for more difficult items are more likely to be in the category 'cannot carry out the activity' than those for easier items. Technical details of the hot deck imputation procedure are given in the Appendix.
In some circumstances, it may be desirable to act as if the researchers had no intention of collecting the missing data points [8] . This avoids any potential bias or reduction of variability introduced by an imputation procedure. Care should be taken that only the data points that are actually missing are 'ignored', rather than that the whole case, or unit, is removed from the analysis, as occurs in many standard procedures. When using IRT and marginal maximum likelihood estimation procedures [20, 21] , it is possible to treat items, to which no response was made, as if Item content and parameters. Item content with the number of patients responding in the 'not applicable' category (in parenthesis) and the estimates of the item parameters (β i ) and their standard errors (in parenthesis) for each of the procedures. Standard errors for the parameters in the 'tendency to respond' model are not currently available in the software. This is indicated by the symbol '-'. Items denoted by (++) demonstrated item misfit across more than one method and items denoted by (+) demonstrated item misfit for one method.
β they had never been offered to the respondent [22] . This is equivalent to ignoring the missing responses [21] and is essential in the application of computerised adaptive testing [23, 24] . This procedure is explained in more depth in the Appendix. A number of models have been proposed, which directly incorporate the pattern of 'missing' item responses into the model used to examine the data. These models rest on the assumption that two, perhaps related, processes are at work when an item is presented to a patient. The first process can be described as the tendency to judge items to be applicable to one's own situation or the tendency to respond to items [22] . The second process reflects the patients' functional status. These two processes can be modelled jointly by using the one-parameter logistic IRT model for each process individually and assuming that the health status of a patient and the tendency to judge items to be applicable is correlated [25] . This type of model is described in more depth elsewhere [26] .
Statistical analysis
In this paper, the one-parameter logistic model [27] , sometimes known as the Rasch model, is used as a tool to analyse the response patterns given by patients to a set of items. This model examines the probability P ik that patient k, with functional status equal to θ k , responds to item i in the category 'can carry out', where and β i describes the 'difficulty' of item i in relation to the construct functional status. It is unlikely that this model would fit functional status data satisfactorily enough to be used as a final model for an instrument, but since the aim of this study is to compare the performance of a number of methods for dealing with missing data, this simpler model is acceptable. The extent to which all items represented a single construct was examined using Cronbach's alpha coefficient [28] .
In this paper, a two stage procedure was used to estimate the parameters in the one-parameter logistic model. Firstly, the item parameters (β i ) were estimated. In this process it was assumed that the values of the functional status (θ k ) formed a Normal distribution, resulting in marginal maximum likelihood estimates. Secondly, estimates of the patients' functional status (θ k ) were obtained.
The fit of the model to the data was assessed using weighted residual based indices transformed to approximately standard Normal deviates [20, 29] . Values above 2.54 (1% level) were regarded as indicative of item misfit.
Estimates of the item difficulty parameters (β i ) obtained using the different procedures for dealing with missing data were compared using the root mean squared difference, as described in the Appendix.
The best estimates of functional status for individual patients are usually obtained using maximum likelihood methods. However, clinical studies are often more concerned with inferences based on groups of patients. It has been shown that using maximum likelihood estimates of the functional status (θ k ) in standard statistical techniques can lead to substantial biases [30, 31] . To avoid this, plausible values for the functional status of each patient have been drawn from their own posterior distribution of θ [20] . The item parameters and patients' functional status have been estimated in ConQuest [20] . Other calculations were carried out in S-PLUS [32] .
Results
The estimates of the item parameters (β i ) and their standard errors are given in The root mean squared differences (RMSD) between the estimates of the item parameters obtained using the cold deck imputation procedure, the first and second runs of the hot deck imputation procedure, treating the missing responses as if these items had never been offered to those individual patients and using a model which takes account of the 'tendency to respond to items' are given in Table 2 . The values of the RMSD between the estimates obtained from the first and second runs of the hot deck imputation procedure are lower. This indicates that the different runs of the hot deck imputation procedure result in very similar point estimates of the item difficulty parameters. The 95% confidence intervals of these point estimates are plotted in Figure 1 . The diagonal line indicates where the confidence intervals would cross if the estimates from the two runs were identical. Both 95% confidence intervals for all items cross this line and the lengths of the confidence intervals for both runs are similar, indicating that interval estimates of the item difficulty parameters are similar over runs of the hot deck imputation procedure. obtained from a single run, illustrating the correction made to account for the fact that some data points are imputed.
Re-examining Table 2 , it can be seen that the RMSD, which result from comparing the cold deck imputation procedure with the other procedures are over ten times the size of the RMSD, which result from comparing the estimates obtained from other combinations of procedures. Figure 3 is a plot of the estimates using the cold deck imputation procedure against the estimates obtained when the missing responses were treated as if these items had never been offered to those individual patients. In contrast to Figures 1 and 2 , the 95% confidence intervals of the two estimates intersect above the diagonal line for the majority of items. In addition, for 18 items, both confidence intervals do not cross the diagonal line. The results in Table 2 and Figure 3 indicate that both point and interval estimates obtained using the cold deck imputation procedure are very different and systematically biased from the estimates obtained using the other procedures. Plots of the estimates obtained using the cold deck imputation procedure against those obtained from the remaining procedures have a similar appearance to Figure 3 .
The RMSD, in Table 2 , which result from comparing the first run and mean estimates over the five runs of the hot deck imputation procedure, treating the missing responses as if these items had never been offered to those individual patients and using a model which takes
The estimates of the item parameters obtained using the first two runs of the hot deck imputation procedure Figure 1 The estimates of the item parameters obtained using the first two runs of the hot deck imputation procedure. The horizontal and vertical lines indicate the 95% confidence intervals for the estimates obtained using the first and second runs, respectively.
Estimates from the second run of the hot deck procedure Estimates from the first run of the hot deck procedure
The estimates of the item parameters obtained using the first run and the mean of five runs of the hot deck imputation procedure Figure 2 The estimates of the item parameters obtained using the first run and the mean of five runs of the hot deck imputation procedure. The horizontal and vertical lines indicate the 95% confidence intervals for the estimates obtained using the first and second runs, respectively. The root mean squared differences. Using the root mean squared difference to compare the estimates of item parameters obtained in the different procedures. 'Cold deck' denotes cold deck imputation, '1st hot deck' and '2nd hot deck' the first and second runs of the hot deck imputation procedure, respectively, 'Mean hot deck' the mean of all 5 runs of the hot deck imputation procedure, 'Never offered' the procedure treating 'not applicable' responses as if the item had never been offered to the patient and 'Tendency' the model taking account of the tendency to respond to items'.
Mean of the estimates from the five runs of the hot deck procedure Estimates from the first run of the hot deck procedure account of the 'tendency to respond to items', are even lower than the value of the RMSD used to compare the first and second runs of the hot deck imputation procedure. Figure 4 is a plot of the estimates using the first run of the hot deck imputation procedure against the estimates obtained when treating the missing responses as if these items had never been offered to those individual patients. The 95% confidence intervals of the two estimates intersect very close to and cross the diagonal line for all items. The results in Table 2 and Figure 4 indicate that the point and interval parameter estimates obtained using the two procedures are very similar. Other plots of the estimates obtained using the first run of the hot deck imputation procedure, treating the missing responses as if these items had never been offered to those individual patients and using a model which takes account of the 'tendency to respond to items' had a similar appearance. The correlation between estimates of the functional status of a patient and of the 'tendency to respond to items' was 0.136. This shows that patients with a higher functional status are marginally more likely to omit items than patients with a lower functional status.
Estimates of the mean and the standard deviation of the level of functional status, obtained using different procedures for dealing with responses in the category 'not applicable', are given in Table 3 . The mean and standard deviation are lower when cold deck imputation is used
The estimates of the item parameters obtained using the cold deck imputation procedure and by treating the missing item responses as if they had never been offered to the individual patients Figure 3 The estimates of the item parameters obtained using the cold deck imputation procedure and by treating the missing item responses as if they had never been offered to the individual patients. The horizontal and vertical lines indicate the 95% confidence intervals for these estimates.
Estimates from treating the items as 'not offered' Estimates from the cold deck procedure 
Discussion
In the ALDS project, 'not applicable' item responses occur when patients have never had the opportunity to attempt to perform the activity described. This means that it is not possible to assess whether a respondent would be able to perform an activity if they had had an opportunity to do so. Hence, there is no theoretical evidence to support the use of the cold deck imputation procedure described in this article, even though comparable methods are used in some, broadly similar, questionnaires such as the Sickness Impact Profile [16] .
The procedures for dealing with missing item responses, which use hot deck imputation or treat the missing responses as if these items had never been offered to those individual patients and are described in this article, could both be useful in the calibration phase of an item bank based on item response theory. The latter method can be implemented if marginal maximum likelihood or some Bayesian estimation methods are applied to avoid any bias caused by the imputation method. The hot deck imputation procedure may be valuable in situations where a complete data matrix is required. However, it should be noted that there are three reasons that the hot deck imputation procedure performs so well for the data in this paper. Firstly, the hot deck imputation procedure
The estimates of the item parameters obtained using the first run of the hot deck imputation procedure and by treating the missing item responses as if they had never been offered to the individual patients Figure 4 The estimates of the item parameters obtained using the first run of the hot deck imputation procedure and by treating the missing item responses as if they had never been offered to the individual patients. The horizontal and vertical lines indicate the 95% confidence intervals for these estimates.
Estimates from treating the items as 'not offered' Estimates from the first run of the hot deck procedure closely resembles the IRT model used. Secondly, the model fits the data fairly well. Finally, 32 items have been used. It is highly likely that a poor outcome for the hot deck imputation procedure would have resulted if these conditions had not pertained. However, it should be noted that it may be impractical to repeat exploratory analyses a number of times, reducing the attractiveness of true multiple hot deck imputation, although results obtained using a single run of a hot deck imputation procedure should be treated with care. Finally, if the aim of a study is to make inferences on the functional status of patients, the procedure, which takes account of the 'tendency to respond to items' may be a valuable tool. However, in a calibration study to estimate item difficulty parameters this model does not provide any more useful information than when hot deck imputation is implemented or the missing responses were treated as if these items had never been offered to those individual patients.
There were almost no true missing item responses in the data described in this paper. The nurse interviewers were instructed to ensure that they had a response on each item and the response forms were machine readable. These procedures illuminated two important causes of missing data. The 'not applicable' option was only selected after the nurse-interviewer had made extensive inquiries into the experiences of the respondent. Hence, it seems reasonable to assume that the 'not applicable' category was used for the reason described. However, qualitative research on the reasons why respondents used this category would be needed to be sure about this. Given the relatively low level of responses in the category 'not applicable', the authors feel unable to make recommendations about the use of these procedures in data sets with much higher proportions of missing data. All four methods are relatively practical and can be implemented fairly easily. However, the hot and cold deck imputation methods are more suitable if analysis using software requiring a complete data matrix is to be carried out.
The ALDS item bank is currently under development. This means that the dimensionality and measurement properties of the item bank are still being investigated, although preliminary results suggest that a selection of items reflect a single latent trait [19] , although there is a large degree of differential item functioning between male and female and between younger and older respondents [14] . It has been decided that items for which more than 10% of responses are in the category 'not applicable' are not suitable for inclusion in the item bank [19] . Hot deck imputation and the procedure treating the items as if they had never been presented to the respondents have been implemented in different types of analysis of the ALDS data.
Conclusions
This article has examined four strategies to deal with responses in a 'not applicable' category in the context of missing data when item response theory is used to analyse the data resulting from multi-item questionnaires. These were cold and hot deck imputation, treating the missing responses as if these items had never been offered to those individual patients and using a model which takes account of the 'tendency to respond to items'. The four procedures were implemented on data from the AMC Linear Disability Score project. This project aims to develop an item bank to measure the functional status of chronically ill patients. In the first part of this study, estimates of the item parameters were obtained and compared using a numerical and a graphical method. The results show that the point and interval estimates obtained are very similar when the procedures based on hot deck imputation, treating the missing responses as if these items had never been offered to those individual patients and using a model which takes account of the 'tendency to respond to items' are used. The estimates obtained following the cold deck imputation procedure were substantially different to the estimates obtained using the other strategies.
In the second part of the study, the effects of the type of procedure on estimates of the functional status of patients was examined. It appears that cold deck imputation leads to significantly different estimates of the mean functional status in a group of patients than either hot deck imputation or treating the missing responses as if these items had never been offered. Differences between estimates The root mean squared differences. Estimates of the mean and standard deviation of the functional status obtained using the a variety of procedures to estimate the functional status for the individual patients and the measurement characteristics of the items.
obtained using the latter two methods were not significant. These results confirm that, in clinical studies, it is necessary to consider the method for dealing with responses in a 'not applicable' category in the context of the data.
In this paper, this procedure was implemented five times, resulting in five 'complete' data sets. The mean of the five estimates of β i was taken to obtain . The standard error of is defined as where j denotes the run of the hot deck imputation procedure, β ij the estimate of β obtained for item i in run j of the imputation procedure and s.e.(β ij ) the standard error of β ij obtained directly from the likelihood in the estimation process [20] .
Treating the missing responses as if those items were never offered to the individual patients In order to examine the effect of treating responses to individual items in the category 'not applicable' as if those items were never offered to the individual patients, the item parameters, β i , will be estimated using a marginal maximum likelihood estimation procedure [21] . The likelihood, L, of a particular response pattern for the one parameter logistic IRT model can be written where p ik is as defined in the section on statistical analysis. In addition, I ik is an indicator variable taking the value 1 if patient k responds to item i in the category 'can carry out', the value 0 if patient k responds to item i in the category 'cannot carry out' and the value c if if patient k responds to item i in the category 'not applicable'. Furthermore, J ik is an indicator variable taking the value 0 if patient k responds to item i in the category 'not applicable' and the value 1 otherwise. In order to estimate β i and θ k a number of assumptions have to be made. Firstly, the item parameters have to be identified in relation to the latent trait. In this article, the mean of the distribution of θ, µ θ , will be assumed to be 0. An increase in the number of subjects from k to k + 1 results in a corresponding increase in the number of parameters to be estimated, meaning that parameter estimates may not be consistent. It is common to assume that the values θ k are observations on a particular, often Normal, distribution. This results in marginal maximum likelihood estimates of β i [21] . 
The root mean squared difference
